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Abstract. Grassfires are a recurring hazard in the Philippines, particularly during
the dry Amihan season from January to March. In March 2025, a major incident
occurred in Barangay Pundaquit, Zambales. The Philippine Space Agency (PhilSA)
conducted a remote sensing-based damage assessment using medium-resolution
Sentinel-2 and very-high-resolution BlackSky imagery. Sentinel-2 data enabled the
derivation of burn extent and severity maps through the Differenced Normalized
Burn Ratio (dNBR), while BlackSky imagery provided fine spatial detail for visual
verification. This study evaluates the performance of Sentinel-2 Deep Resolution
3.0 (S2DR3) in generating finer-scale burn severity maps by comparing classified
outputs from original 20-m imagery and its 1-m upscaled counterpart. The super-
resolution process introduced noticeable shifts in classification, with the areal
extent of High Severity burns reduced from 162.41 ha to 43.12 ha and a tendency
toward lower severity categories. A pixel-level disagreement rate of 37.4% and low
mloU scores across sites indicated spatial inconsistencies and underestimation of
intense burn areas—likely due to spectral smoothing. Nonetheless, the upscaled
product showed improved delineation of Unburned zones, suggesting its value for
resolving finer-scale heterogeneity. These findings highlight the trade-offs in using
super-resolved imagery for post-fire assessments, the need for super-resolution
model calibration for burnt areas, and the importance of context-aware validation.

Keywords: Fire Mapping, Sentinel-2, S2DR3, Differenced Normalized Burn Ratio,
BlackSky, Disaster Risk Reduction, Zambales, Philippines

1. Introduction

The rapid propagation of grassfires, often fuelled by dry vegetation, poses impacts extending
beyond visible damages. As grassfires heavily contribute to long-term issues such as soil
degradation, increased carbon emissions, disruption of hydrological cycles, and altered
biodiversity, effective monitoring and rapid assessment of burn severity after grassfire are vital
for developing effective prevention, mitigation, and response strategies [1]. Remote sensing
technology has emerged as an indispensable tool for this purpose, offering spatiotemporal
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coverage and non-destructive acquisition capabilities that are unachievable solely through
traditional ground-based measurements [2] [3]. Satellites that carry a multispectral instrument
have long been a cornerstone of remote sensing-based grassfire assessment. These satellites
acquire imagery across several spectral bands, enabling the calculation of various vegetation
indices to detect and characterize burned areas.

A widely utilized index for evaluating burn extent and severity from a multispectral satellite
data is the Normalized Burn Ratio (NBR) [2]. The NBR leverages the distinct spectral response of
healthy vegetation and burned areas in the near-infrared (NIR) and shortwave infrared (SWIR)
bands of the electromagnetic spectrum [4]. Healthy vegetation exhibits high reflectance in the NIR
due to cellular structure and strong absorption in the SWIR due to water content, while burned
areas show a significant decrease in NIR reflectance and an increase in SWIR reflectance due to
the removal of vegetation and exposure of charred surfaces [4]. By calculating the difference
between pre-fire and post-fire NBR values, known as the differenced Normalized Burn Ratio
(dNBR), researchers can effectively quantify the magnitude of change caused by fire and classify
burn severity levels. Higher dNBR values typically indicate more severe burning [4].

While open-source, medium-resolution multispectral data like Sentinel-2 are invaluable for
their rich spectral information and wide availability, their utility can be limited by factors such as
cloud cover, which is prevalent in tropical regions, and revisit times that may not always align with
rapid disaster response needs [5]. In such scenarios, commercial high-resolution imagery from
agile sensors, such as BlackSky satellites, presents significant opportunities for complementary or
alternative analysis methods. These commercial platforms offer rapid tasking and delivery of very-
high-resolution (VHR) imagery, providing unprecedented spatial detail crucial for delineating
affected areas with precision and for assessing damage to specific infrastructure elements [6].

However, VHR data would often lack the extensive spectral depth of multispectral satellites,
particularly in the SWIR bands that is critical for traditional vegetation index-based severity
assessments like NBR [7]. This spectral limitation can hinder the direct application of established
burn severity indices to VHR imagery. Therefore, this study evaluated the reliability of a Sentinel-
2 imagery and its super-resolved counterpart through the S2DR3, where a VHR satellite imagery,
specifically from BlackSky, would serve as the reference points, seeking to compare the burn
extent and severity outputs derived from both Sentinel-2-derived imageries highlighting the
inherent strengths and limitations of each data source.

2. Methodology

2.1 Grassfire extents and burn severity mapping using Sentinel-2 imagery

The generation of the burn severity maps, which form the basis of this comparative analysis,
followed PhilSA’s established disaster risk reduction (DRR) workflow. This workflow is designed
to systematically assess and respond to natural hazards, leveraging remote sensing data to provide
timely and accurate information for decision-making. Its application ensures a standardized and
robust approach to mapping fire-affected areas, crucial for effective post-disaster recovery and
mitigation efforts.

Following this workflow, post-fire Sentinel-2 imagery of the grassfire incident in Barangay
Pundaquit, San Antonio, Zambales (see Figure 1), was processed. This processing adhered to the
UN-SPIDER recommended practice [8], a standard methodology that involves calculating the
difference between pre- and post-fire NBR values to accurately classify burn severity across the
affected area. This foundational step produced the initial burn severity map from which both the
original and upscaled classifications were derived for subsequent comparison.
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Sentinel-2 Pre-disaster image: 22 November 2024

ZAMBALES

Sentinel-2 Post-disaster image: 14 March 2025
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Figure 1. Location of Zambales grassfires in March 2025 with pre and post disaster images from
Sentinel-2

2.2 Sentinel-2 Deep Resolution 3.0

After identifying the pre- and post-fire dates, the Sentinel-2 Deep Resolution 3.0 (S2DR3) [9]
technique was used to upscale the 10m and 20m resolution per pixel of Sentinel-2 images to match
the resolution of a BlackSky imagery at 1m resolution per pixel. S2DR3 is a super-resolution
technique that uses deep learning, specifically convolutional neural networks (CNNs), to enhance
the spatial resolution of Sentinel-2 satellite imagery. It takes Sentinel-2's original multispectral
bands, which vary in resolution (10m, 20m, and 60m), and processes them to generate higher-
resolution outputs, typically at 1m spatial resolution for all 12 bands. This process is called
upscaling, which is interpolation, not a creation, of new information. When a 20m pixel is upscaled
to 1m, the original 20m pixel's spectral information, including dNBR values, is distributed across
many new 1m pixels. This process typically involves averaging or resampling techniques, which
inherently smooth out extreme values, or in a data-driven, intelligent manner for generative
adversarial networks (GANs). Consequently, a 20m pixel that might have contained a mix of highly
burned and less burned areas, resulting in an aggregated dNBR value classifying it as High Severity,
could, upon upscaling, have its dNBR value averaged down across its new 1m sub-pixels. The key
advantage of GANs (e.g., S2DR3) for upscaling is their adversarial training mechanism. The
generator constantly tries to produce outputs that are indistinguishable from real high-resolution
images, while the discriminator learns to differentiate between real and generated images.

The model is trained on vast datasets to learn the complex relationships between lower-
resolution input and higher-resolution outputs, essentially performing an intelligent interpolation
that reconstructs finer details and preserves the crucial spectral fidelity of the original data,
making it suitable for advanced analytical applications like precision agriculture and detailed
environmental monitoring.
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Prior to any burn severity calculations, a critical preprocessing step involved masking out the
cloud cover from the BlackSky imagery. This is essential because clouds introduce high reflectance
values that can be easily misinterpreted as unburned areas or significantly alter the true dNBR
values. Such interference would lead to erroneous classifications of burn severity, compromising
the accuracy of the final map. By masking out these obscured ground features, the analysis focused
solely on the actual land surface, thereby improving the reliability and precision of the burn
severity assessment.

Figure 2. BlackSky image of Pundaquit grassfires. The image was acquired on 15 March 2025

The proposed classification table by the United States Geological Survey (USGS) contains high
and low post-fire regrowth classifications. As new, healthy vegetation begins to grow, its NIR
reflectance increases, and its SWIR reflectance decreases due to increased water content in living
plant tissue. In this study, regrowth categories were removed, and only five classifications -
Unburned, Low Severity, Medium-low Severity, Medium-high Severity, and High Severity, were
retained due to the limitations of an RGB imagery on infrared information for the comparative
analysis.

Similarly, the Sentinel-2 images were clipped to match the spatial extent of the BlackSky
imagery. After clipping, the NBR was processed and visualized both for the original Sentinel-2
resolution and the upscaled resolution in Quantum Geographic Information System (QGIS)
software, following Equation 1:

(NIR — SWIR)
NBR = ———
(NIR + SWIR)
(1)
And subsequently, Equation 2 for the dNBR formula:
ANBR = NBRyre—fire = NBRpost—fire
(2)
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Burn severity categories are established using thresholds, typically based on USGS or local
standards, which classify continuous dNBR values into distinct levels of impact. Effective
visualization then translates these numerical ANBR values into a clear; interpretable map, allowing
for a comprehensive understanding of burn severity across an area.

2.3 Comparative analysis and evaluation metrics

The granular classification is essential for a precise understanding of the ecological effects of fire
events, guiding effective post-fire recovery efforts, and discerning the varied degrees of damage
inflicted upon ecosystems. By defining and calculating the areal computation difference of each
category and critically examining how image resolution influenced these classifications, the
comparison aimed to offer a comprehensive and quantitative perspective on the burn extent
landscape. The visual distribution from the original classification and the upscaled reclassification
was expected to show a great disparity of severity between the imageries. While initial visual
inspection and areal computations can highlight the presence of disparities in pixel distribution
between the classifications, they do not precisely quantify the nature of these differences—
specifically, how many pixels from one true class are reclassified into another predicted class.

The confusion matrix would provide this critical, pixel-level breakdown, serving as a cross-
tabulation that compares the classification of each pixel in the upscaled image against its
corresponding classification in the original, or ground truth, image. This allows for the calculation
of essential accuracy metrics such as precision, recall, and F1-score for each severity class, offering
arigorous statistical foundation for understanding the performance of the upscaled classification
relative to the original.

To provide a comprehensive metric of agreement that accounts for all classes, the mean
Intersection over Union (mloU) would need to be calculated. loU measures the overlap between
the predicted segmentation and the ground truth for a given class, and is computed following
Equation 3:

Area of Intersection

Area of Union
(3)

Averaging this metric across all burn severity classes yields the mloU which is an indicator of
overall classification accuracy and spatial agreement after extracting the disagreement and class
difference maps. An mloU value closer to 1 signifies strong agreement and high accuracy, while
values closer to 0 indicate poor overlap and significant discrepancies. This metric is particularly
important in remote sensing applications as it provides a holistic assessment of how well the
upscaled imagery preserves the thematic integrity of the original burn severity map.

Lastly, box plots were also utilized by visually representing the distribution and variability of
these metrics across multiple selected sites. These plots effectively summarize the distribution of
quantitative data, showing the median, quartiles, and potential outliers for both mloU values and
disagreement rates across the different plots. This would allow for a quick visual comparison of
the central tendency and spread of these metrics, highlighting whether the super-resolution
consistently yields low agreement or if there were significant variabilities across different
landscape features. For instance, a box plot showing a low mloU and a wide interquartile range
would indicate generally poor agreement with considerable variation on the characteristics of
selected sites.

3. Results and Discussion
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An initial correlation analysis was conducted to assess the performance of the super-resolution
algorithm across individual spectral bands of the Sentinel-2 imagery. This helped in
understanding how the upscaling process affected the underlying spectral information that
formed the basis of dNBR calculations and, subsequently, burn severity classification. By
comparing the pixel values of each band in the original 20-meter Sentinel-2 image with their
corresponding values in the 1-meter upscaled Sentinel-2 image, possible variations in the spectral
fidelity of the super-resolution across different wavelengths were analyzed in scatter plots as seen
in Figure 3.

Per band Scatter Plots (Original (10/20m) vs Upscaled (1m))

Figure 3. Per band scatter plots (Original vs. Upscaled Sentinel-2 Images).

The super-resolved imagery showed excellent and consistent band-wise agreement with the
original Sentinel-2 image, indicating that the super-resolution model matched the original
Sentinel-2 reflectance values finely. All bands in Table 1 exhibited R? values ranging from 0.89 to
0.96 and slopes near 1.0, indicating minimal bias across the spectrum. It was also observed that
Red Edge and NIR bands (R? > 0.95) were best preserved.

Table 1. Per band regression metrics (slope, intercept, R and Pearson’s r)

Band Band Name  Slope Intercept R? Pearson’s r
02 Blue 0.981 -0.000 0.897 0.947
03 Green 0.988 0.001 0.920 0.959
04 Red 1.005 0.000 0.879 0.937
05 Red Edge 1 1.026 -0.005 0.924 0.961
06 Red Edge 2 0.998 0.001 0.951 0.975
07 Red Edge 3 0.991 0.003 0.951 0.975
08 NIR 1.003 0.002 0.969 0.984
08A Red Edge 4 1.018 -0.0021 0.956 0.978
11 SWIR 1 0.999 0.0040 0.938 0.969
12 SWIR 2 1.022 0.0001 0.899 0.948

The scaled visualization of continuous dNBR values of both images in Figure 4 showed a shift
in spatial distribution and continuity of values, which differed significantly. The upscaled image
appeared smoother with less transitions in dNBR values compared to the 20-m original. The
S2DR3 might have played a pivotal role in the reduction of extreme dNBR values. This adversarial
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process forced the generator to learn complex patterns and details, enabling it to synthesize
realistic and visually appealing high-resolution images from low-resolution inputs, effectively
going beyond simple interpolation to imagine missing details.

Sentinel dNBR (20 N
Enene (20m) 1.00 Upscaled Sentinel dNBR (1m) L0
0.75 0.75

Figure 4. The dNBR of 20-m original and 1-m upscaled Sentinel-2 images. Both images are able to

identify burned and unburned areas of the grassfire, with the original 20-m image visualizing more on
intense burns - higher dNBR.

In Table 2, the upscaled classification had a higher pixel count for the High Severity class --
431,339 pixels compared to 4,070 pixels in the original Sentinel-2 classification, but it resulted in
a substantially smaller total area -- 43.12 ha versus 162.41 ha. This indicated that the upscaling
process through the S2DR3 model, despite increasing the overall pixel density, led to a
reclassification where a considerable portion of the area, originally categorized as High Severity,
shifted to lower severity classes.

Table 2. Area computation (in m? and ha) per burn severity class for original and
upscaled Sentinel-2 images.

Class Pixel count Area (m?) Area (ha)

Sentinel-2 dNBR 20m

Unburned 45 17,956.62 1.80

Low Severity 416 165,999 16.60
Moderate-low Severity 2,901 1,157,603 115.76
Moderate-high Severity 3,392 1,353,530 135.35
High Severity 4,070 1,624,076 162.41

Upscaled Sentinel-2 dNBR 1m

Unburned 65,362 65,346.14 6.53

Low Severity 821,137 820,937.8 82.09
Moderate-low Severity 1,086,110 1,085,846 108.58
Moderate-high Severity 1,915,848 1,915,383 191.54
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High Severity 431,339 431,234.4 43.12

Furthermore, an examination of the lower severity classes revealed a compensatory increase
in their areal extents within the upscaled dataset (see Figure 5). The Unburned class expanded
from 1.80 ha to 6.53 ha, and the Low Severity class saw a jump from 16.60 ha to 82.09 ha. Similarly,
the Moderate-High Severity class also experienced an increase from 135.35 ha to 191.54 ha, while
the Moderate-Low Severity showed a slight decrease from 115.76 ha to 108.58 ha.

Sentinel-2 dNBR (Classified) - 5 Upscaled dNBR using S20R3 (Classified)

1650549

Figure 5. Classified Burn Severity images for 20-m original and 1-m upscaled Sentinel-2 images.
The 1-m image has distributed the high severity pixels from the 20-m image into less severe categories while
retaining most of the severities on the edge.

The overall trend indicated a redistribution of burn severity (see Figure 5), with a notable
portion of the area previously classified as High Severity being reallocated to these less severe
categories. This suggested that the upscaling process, by improving the spatial resolution and
potentially the dNBR values, might lead to a more fragmented or less intensely classified burn
extent, shifting the overall assessment towards lower impact categories across the landscape.

3.1 Confusion matrix

Through a confusion matrix in Figure 6, a detailed breakdown of where and how the classifications
diverged and how the reclassifications - false positives and false negatives spread throughout the
table.
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Figure 6. Confusion Matrix - Original Sentinel-2 dNBR vs. Upscaled Sentinel-2 dNBR

The diagonal elements indicated the number of pixels correctly classified for each category.
For instance, 11,027 pixels truly Unburned in the original imagery were also classified as
Unburned in the upscaled imagery. Similarly, 385,591 pixels High Severity were correctly
identified as such. The off-diagonal elements represented reclassifications; for example, the entry
[0][1] (row O, column 1) showed that 3,178 pixels that were Unburned were reclassified as Low
Severity by the upscaled imagery. Notably, there was a significant number of Moderate-Low
Severity pixels at 665,479 reclassified as Low Severity, and Moderate-High Severity pixels at
571,196 reclassified as Moderate-Low Severity, indicating a tendency for the upscaled imagery to
assign lower severity classes than the original. The greatest number of pixels reclassified was
1,146,500 (1.1e+06). This occurred in a cell where pixels that were High Severity were reclassified
as Moderate-High by the upscaled imagery. The classification report in Table 3 provided a
breakdown of more accuracy metrics for each class.

Table 3. F-1, Precision and Recall of 20-m original (ground) and 1-m upscaled (predicted)

Sentinel-2 image

Precision Recall F1-score Support
Unburned 0.169 0.738 0.275 14937
Low Severity 0.121 0.651 0.205 152764
Moderate-low Severity 0.395 0.371 0.382 1157860
Moderate-high Severity 0.381 0.525 0.442 1391514
High Severity 0.894 0.241 0.379 1600969
Accuracy 0.383 4318044
Macro average 0.392 0.505 0.337 4318044
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Weighted average 0.565 0.383 0.394 4318044

Precision indicates the reliability of the model, and its proportion of pixels, predicted correctly
to be in a certain class. For High Severity, a precision of 0.894 was excellent, meaning nearly 90%
of pixels the upscaled imagery labelled as High Severity were indeed High Severity according to
the original data. However, lower precision for Unburned at 0.169 and Low Severity at 0.121
suggested a high rate of false positives for these classes. Recall, also known as sensitivity or true
positive rate, measures the proportion of actual pixels of a certain class that were correctly
identified. Unburned had a high recall at 0.738, indicating most actual Unburned areas were
captured. High Severity had a low recall at 0.241, meaning only about a quarter of the actual High
Severity pixels were correctly identified, with the rest being reclassified into lower severity
categories.

F1-score is the harmonic mean of precision and recall, providing a balanced measure. The F1-
scores were relatively low across most classes, particularly for Unburned at 0.275 and Low
Severity at 0.205, highlighting the challenges in consistently classifying these categories after
upscaling. Lastly, Supportindicates the true number of pixels for each class in the original Sentinel-
2 dataset. This revealed that Moderate-High Severity and High Severity were the most dominant
classes in the ground truth. The overall accuracy of 0.383 (38.3%) suggested that the upscaled
classification agreed with the original Sentinel-2 classification for only about 38% of the pixels.
This relatively low accuracy, combined with the specific precision and recall values, indicated that
while the upscaled imagery could identify some classes with reasonable precision (e.g., High
Severity), it frequently reclassified others, particularly by underestimating higher severity and
overestimating lower severity, consistent with the trends observed in the areal computation
differences. The low accuracy results observed when comparing burn severity classifications
derived from a 20m resolution Sentinel-2 imagery and its 1m upscaled counterpart were an
expected outcome, primarily attributable to the fundamental differences in spatial resolution and
the nature of the upscaling process of S2DR3.

3.2 Disagreement and class difference maps

While the areal computation followed the quantitative assessment of classification accuracy
through the confusion matrix and classification report, it was equally crucial to spatially visualize
the changes between the original and upscaled burn severity classifications. The accuracy metrics
provided statistical summaries while disagreement maps and class difference maps offered
invaluable spatial insights into where and how the two classifications diverged across the
landscape. The pixel disagreement rate of the visualization in Figure 7 was 37.43% meaning that
for over a third of the total pixels, the upscaling process led to a change in the assigned burn
severity category. This was a significant percentage and indicates that the resolution change had
a substantial impact on the pixel-level classification of burn severity.

10
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Disagreement Map (Blue=match, Red=mismatch)
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Figure 7. Disagreement map between original and upscaled Sentinel-2 dNBR images

The disagreement map is a binary visualization that highlights all pixels where the burn
severity category assigned by the upscaled Sentinel-2 imagery differs from the category assigned
by the original Sentinel-2 imagery -- the reference ground truth. Complementing this, the class
difference map (see Figure 8) provided a more different understanding by illustrating the
magnitude and direction of the classification changes. For each pixel, the map showed the
difference in the assigned burn severity class between the upscaled and original imagery. If an
original pixel was classified as High Severity but the upscaled version classified it as Moderate-
High Severity, the difference map would indicate a change of -1. Meanwhile, a change from Low
Severity to Moderate-Low Severity would show a difference of 1. As seen in the BlackSky imagery,
road extents on the top left were bound and had resulted to a greater difference of 3 to 4, similar
with the area near the masked cloud cover where potential cloud haze that was not masked might
have contributed also to a greater class difference. This map is particularly insightful for
identifying systematic biases, such as a consistent tendency for the upscaled imagery to either
underestimate (assign lower severity) or overestimate (assign higher severity) the burn impactin
certain areas.

11
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Class Difference Map (|Original - Upscaled|)

Class Difference

0

Figure 8. Per burn severity class difference map between original and upscaled Sentinel-2 dNBR
images.

Together, these maps provided a comprehensive spatial context to the statistical findings.
While the confusion matrix and per-class disagreement percentages (see Table 4) quantified what
the differences were in terms of numbers of pixels and overall accuracy, these maps pinpointed
where these anomalies occurred. This allowed for the identification of spatial patterns in a
reclassification, such as systematic underestimation of severity in certain landscape features (e.g.,
dense forest patches) or increased disagreement along the perimeters of burn extents, enabling a
deeper interpretation of the impact of resolution on burn severity mapping.

Table 3. Disagreement statistics per class.

Pixel count Matches Mismatches Disagreement %
Unburned 2,852,760 2,846,187 6573.0 0.23
Low Severity 166,230 108,071 58,159 34.99
Moderate-low Severity 1,157,276 432,451 724,825 62.63
Moderate-high Severity 1,354,250 707,072 647,178 47.79
High Severity 1,624,940 383,484 1,241,456 76.40

A clear trend observed was the disagreement rate which was very low for the Unburned class
but then became significantly high for all burned severity categories. Among the burned classes,
the disagreement would tend to be highest for the High Severity class, followed closely by the
Moderate-Low Severity class. This indicated that while the upscaling process maintained good
consistency for truly unburned areas, it introduced considerable reclassification and
inconsistency across the various degrees of burn severity, with the most severe burns being
particularly prone to reclassification.

3.3 Site selection and box plot visualization

12
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The selection of sites in Figure 9 was based on a qualitative assessment, focusing on areas
exhibiting abrupt changes in burn severity categorization when comparing the original 20-m
resolution Sentinel-2 imagery with the 1-m super-resolved output. The rationale behind this
approach was to identify locations where the upscaling process introduced significant and visually
discernible shifts in classification, thereby offering direct insights into the mechanisms of
disagreement. These interesting features were often manifested as sharp transitions between
severity classes in the original data that became blurred or reclassified in the super-resolved
product, or areas where new, finer details emerged that altered the overall severity assessment.

Legend
Plots
RS WGSBA ZoneSin (EPSG: 32651) 3 [ Study Area

Figure 9. Selection of six different sites in identifying class changes within the burn extent.

The sites represented a diverse range of conditions, including areas at the perimeter of the
fire, regions with heterogeneous vegetation, and locations where the original 20-m pixels likely
encompassed a mix of different burn impacts. By visually comparing the pre- and post-super-
resolution categorizations at these specific points, it was aimed to gain a qualitative understanding
of how the interpolation and detail enhancement of the super-resolution algorithm influenced the
dNBR values and subsequent classification thresholds. This targeted visual analysis
complemented the quantitative metrics by providing concrete examples of where and why
reclassification arose, giving valuable context for interpreting the broader statistical findings and
the practical implications of using super-resolved imagery for burn severity mapping.

Figures 10 to show the mloU, 20-m dNBR, 1-m dNBR, disagreement rate, and the box plot of
each selected site. The mloU column showed values ranging from 0.101 to 0.239 across the
different plots. These were very low mloU values, indicating consistently poor agreement between
the original 20-m resolution and the 1-m super-resolved burn severity classifications at these
specific sites. An mloU of 0.1 to 0.2 suggested that the overlap between the predicted and ground
truth burn severity maps was minimal, reinforcing the findings from the confusion matrix and high
disagreement rates.
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Plot 0: mloU = 0.194, Disagreement = 67.43%
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Figure 10. Plot 0: Comparison of classified burn severity (original vs. upscaled Sentinel dNBR)
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Figure 11. Plot 1: Comparison of classified burn severity (original vs. upscaled Sentinel dNBR)
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Plot 2: mloU = 0.116, Disagreement = 63.20%
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Figure 12. Plot 2: Comparison of classified burn severity (original vs. upscaled Sentinel-2 dNBR)
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Figure 13. Plot 3: Comparison of classified burn severity (original vs. upscaled Sentinel-2 dNBR)
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Plot 4: mloU = 0.219, Disagreement = 56.70%
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Figure 14. Plot 4: Comparison of classified burn severity (original vs. upscaled Sentinel-2 dNBR)

Plot 5: mloU = 0.101, Disagreement = 68.47%
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Figure 15. Plot 5: Comparison of classified burn severity (original vs. upscaled Sentinel-2 dNBR)

Specific observations from these selected plots highlighted distinct patterns of
reclassification as seen in Table 5. In Plots 0, 1, and 3, visual inspection of the BlackSky imagery
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revealed areas that were unburned. Interestingly, the super-resolved 1-m dNBR classification
correctly identified these areas as Unburned, while the original 20m dNBR classification
categorized them as Low Severity. This particular finding underscored a potential advantage of
super-resolution and its ability to resolve finer details, which could lead to a more accurate
delineation of truly unburned areas, and which might be obscured or averaged into Low Severity
within the 20-m pixels due to the presence of mixed pixels. This specific improvement in detecting
unburned areas by the super-resolved imagery, even amidst overall low mloUs, suggested
enhanced precision at a finer scale for certain features.
Table 4 Disagreement statistics per different sites identified.

PlotID mloU  Disagreement Unburned Low Moderate- Moderate-  High
% low high
0 0.194 67.43 15,336 84,304 32,065 12,552 0
1 0.239 47.75 0 5,964 31,714 84,026 0
2 0.116 63.20 0 0 32,795 161,838 0
3 0.182 54.98 0 58,016 29,572 0 0
4 0.219 56.70 926 5,189 26,737 83,538 0
5 0.101 68.47 0 379 31,647 144,623 0

In Plots 1, 2, 4, and 5, clear examples of a different trends were seen -- reduction in the extent
of higher severity classes. In these plots, pixels categorized as Moderate-High Severity in the
original 20-m dNBR imagery were frequently reclassified as Moderate-Low Severity in the 1-m
super-resolved output. This observation aligned with the broader statistical findings from the
confusion matrix, which indicated a tendency for the upscaled imagery to underestimate higher
burn severities. This phenomenon could be attributed to the smoothing effect inherent in the
super-resolution process, where the interpolation of spectral values across finer pixels could
average out the extreme dNBR values characteristic of Moderate-High severity. As a result, these
areas were subtly shifted towards a less severe classification, demonstrating how increased spatial
resolution, when achieved through interpolation, could lead to a perceived minimization of burn
impact in certain categories.

4., Conclusion and Recommendations

The super-resolution of Sentinel-2 imagery from 20m to 1m using the S2DR3 model introduced
significant changes in the spatial distribution and classification of burn severity. While the
upscaled dNBR values appeared smoother and visually continuous, the classification outputs
revealed a consistent shift toward lower severity categories, notably reducing the areal extent of
High Severity burns. Site-specific analysis and mloU scores further highlighted poor spatial
agreement and a tendency to underestimate higher severity classes. However, in selected areas,
the 1-m product showed improved delineation of Unburned zones, demonstrating its potential to
resolve fine-scale heterogeneity obscured in 20-m data.
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Given the observed inconsistencies in classification accuracy, particularly the
underestimation of higher severity classes, the use of super-resolved Sentinel-2 imagery for burn
severity mapping should be approached with caution. While the 1-meter upscaled outputs
enhance spatial detail, they do not consistently preserve the original spectral classification
thresholds, especially for Moderate-High and High Severity areas. It is therefore recommended
that any application of super-resolved imagery in severity mapping be complemented with post-
upscaling calibration or class-specific correction techniques to address these biases. Nonetheless,
the enhanced resolution proves valuable for targeted analysis, such as detecting unburned areas,
delineating burn perimeters, or analyzing heterogeneous landscapes where finer spatial detail is
essential. To improve confidence in severity assessment, super-resolved outputs should ideally be
validated against higher-resolution commercial imagery (e.g., BlackSky) or in-situ data. Lastly,
further research is encouraged to better understand the spectral artifacts introduced by
adversarial super-resolution models like S2DR3, and to explore hybrid approaches that balance
spatial enhancement with spectral integrity.
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